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Fuzzy Logic Inference S&Stem for Voiced-Unvoiced-Silence

Classification of Malaysian English Isolated Words based on

Time-domain Features
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ABSTRACT

The ability of 2 system to automatically detect speech
signals such as, voiced-unvoiced-silence can have a great
impact to the accuracy and computation time in isolated-
word speech recognition systems. The presence of a long
inter-sylable silence in Malaysian English speech is due
to the habit of spelling and reading methods in syllabic
manner of the national Malay language at school. Further,
manual segmentation is very tedious, laborious and error-
prone for large vocabularies and sample size. Time-
domain features such as short-time energy and zero-
crossing rate are proven to be very efficient and simple
computations. Since frame-based speech analysis does
not consider the start and end of a particular phoneme,
the best and easiest way to make decision for the
important features should be inferred from hurnan expert
knowledge. In this paper, fuzzy inference system is build
from membership functions and fuzzy rules derived from
a simple statistical analysis of the speech data from males
and females and three ethnic groups of Malaysian English
speakers. The study of voiced-unvoiced-silence
classification using fuzzy logic method with energy and

Zero-crossing rate input vectors are based on the simplest
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settings of three two-syllabic words and under noise-free
environment. The experimental results show highest
accuracy rates of 99% for voiced speech and 94% for

silence.

Keywords — Voiced/Unvoiced/Silence classification,
Malaysian English, Short-time energy, Zero-crossing rate,

Fuzzy logic.
I. InTRODUCTION

There are basically two methods to segment speech signals.
Traditional autornatic speech recognition systems (ASRs)
try to separate blocks into the same characteristics which
represent a single phoneme, which is the smallest unit of
speech construction in a pariicular language. Malcangi [1]
and Tolba [2] performed analysis based on phoneme
segmentation. The other method and perhaps most of the
modern ASRs practice is using fixed-frame segmentation
due to its simplicity and straightforward process. While the
earlier is claimed to have better representation, however, it
is complicated by the fact that phonemes can blend together
under certain circumstances and variety of imperfect
articulation of a spoken word could make this task disputable
to detect correct boundaries. According to [3, 4], frames
are made in the size of 10 ms to 30 ms due to the theory that
temporal variation of the vocal tract shape is relatively slow
thus maintain a constant characteristics within this time
frame length. This is also a compulsory condition forusing
fast Fourier transform and Linear Predictive Coding (LPC)
techniques. In speech preprocessing, automatic speech

segmentation is a key processing task to overcome manual
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segmentation which Is time consuming, laborious, tedioé,
error prone and expert dependent. The classification of
speech into voiced, unvoiced and silence abbreviated as V-
UV-SIL or the decision of endpoint detection has been
intensely researched in the field of speech applications such
as speech recognition, synthesis and coding. Not all key
information embedded in the pre-recorded speech is
contained in the short-time frames of the uttered speech.
Discarding the unnecessary frames of non-speech part is
preliminarily important to have an efficiently less
computational and more accurate isolated-word ASRs.
These systems are used primarily for handling voice
commands such as in voice dialing and security control to

access confidential information area.

The model of speech can be best described using source-
filter model [5] which describes speech sounds as the
product of convolution between the vocal tract filter and
the glottal source and assuming that these components are
independent from each other, giving it the second name as
linear separable model as well. The mechanism of having
voiced speech is the vibration of the vocal folds in response
to airflow from the lungs and it is periodic in nature.
Conversely unvoiced speech is caused by wrbulent airflow
due to a constriction in the vocal tract and exhibited by a
noise-like signal. All vowels and semivowels sounds and
some consonants are voiced while most of the consonants
are unvoicéd. The vowels are 12 dB louder than consonants
[6] in general. Malaysian English (MalE) is colored by
different pronunciations as it is influenced by various
ethnicities [ 7], thus complicating the structure in comparison
to native English pronunciations such as British English.
Some voiced sounds like /2/ is pronounced unvoiced and a
- Chinese Malaysian replaces the phoneme with voiced /£/.
Final unvoiced plosive /t/ is realized as unvoiced glottal
stop /”'/ for a Malay speaker. MalE speakers tend to speak
in a syllabic manner (syilable-stress) as they are taught to
spell and read by that manner. As the result they tend to

prolong the gap between syllables in a word.
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The advent of fast computer hardware and algorithrs has
witnessed many technigues implemented to achieve this
goal. The appropriate ways of extracting features of a
spoken word such as simple time-domain features namely
short-time energy (STE), zero-crossing rate (ZCR) and pitch
contour. However, pitch has some drawback [8] as it
depends very much on voice periodicity wherein a single
frame might be just quasi-periodic or non-petiodic. Pattern
recognition technique and statistical decision theory have
been successfully used such as in [8, 9] in determining the
decision threshold. In [9] three algorithms were developed
based on histogram of STE only for speech detection.
Multiple features such as log STE, ZCR, first autocorrelation
coefficient, first LPC coefficient and log energy of
prediction error were used in [8] to calculate mean vector
and covariance matrix of probability density functions of
each V-UV-SIL class. Based on lower and upper threshold
limits of energy of speech and ZCR threshold of silence, a
backward and forward search algorithm for endpoint
detection was establish in a well known paper [10] for
isolated utterances. This algorithm was further investigated
[11] and features were extended using frame-based Teager’s
energy and energy-entropy to compare the performance in
detecting Malay isolated-words speech recognition. An even
simple decision barely made based on just the amount of
energy and ZCR count algorithm was establish in [12] for
the word ‘four’. Spectral features are less encountered in
V-UV decision probably due to its more computation cost
but it was reported in [13] using Mel frequency cepstral
coefficient and LPC with Gaussian mixture model. The
attempt to apply fuzzy logic to V-UV-SIL is quite new
although it has been applied to segment phonetic unit of
vowels and consonants in [1] and veoiced-silence
classification for pathological speech in [14]. Thus
separating V-UV from SIL using simple features namely
log STE and ZCR and fuzzy logic as simple and human-
like rules predictor is inevitébiy important in speech

processing of MalE speech which is the focus of the study
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in this paper. The attempt to evaluate the developed sgétem

in comparison to manual labeling is also presented.

This paper is organized as follows. In section 11, a brief
description about MalE speech database is presented.
Section {II describes methodologies used for extrz;cting
speech features and classifier used to do the classification
of V-UV-SIL frames. The experimental setup and findings
are discussed in section IV. Lastly, section V gives the
concluding remarks based on the studied problem and

methodology.
II. MaLaysiaN ENGLISH SPEECH DATABASE

For the purpose of analysis, speech utierances 1ecorded from
seven males and females from two mrior ethnicities i.e.
Malay and Chinese and from seven males and five females
Indian MalE speakers uttering three two-syllable words i.e.
bottom, student and zero, Two-syllabic words were selected
to prove that some words have great inter-silence. Each word
was replicated five times to generate more samples froma
speaker. The average duration of each word is about 0.5 s
t0 0.7 s and was hand-segmented prior to analysis. Subjects
were postgraduate students of Universiti Maiaysia Perlis
aged from 18 to less than 30 years. The dataset contains
total utterances of 200 samples for each word under the
study. The recording was carried in an acoustic chamber
room which is semi-anechoic using a handheld condenser
and unidirectional microphone. The background noise in
that room was approximately 22 dB. This level is considered
very quiet and controlled as compared to normal quiet room
about 40 to 50 dB. The speech was recorded using a laptop
computer sound card and MATLAB program where the
. sampling rate was set to 16 kHz and bit resolution was set

to 16 bps.
III. METHODOLOGY

Firstly, the DC components captured in the raw data due
to microphone setup was removed or zero-adjusted. Next,

frame-blocking into 256-p6int frame with 128-point
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overlapping between consecutive frames were made on
each word sample prior to log STE and ZCR extractions.
The flowchart in Fig. 1 surnmarizes the process of

classifying V-UV-SIL speech
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Figure 1. Block Diagram of V-UV-SIL System

A. Short-time Energy

Time-domain feature such as STE is efficient and easy
to compute, thus simplify the hardware implementation.
Higher energy is an indicator of voiced speech as
unveiced is spoken at less power and very much less
energy should be in silence. Energy is associated
positively with loudness of the acoustic signal and also
related negatively to its frequency. It is found that the
spectrum decreases in amplitude with increasing
frequency at a rate of around 12dB per octave. This
feature measures the sum of squared magnitude of the
sample values in each frame and can be expressed as in
(1) as log-energy.

1 N1 ,
E(k,n)=10%log,, WZW@ )| )

n=0
where variables £7.} and x(.} represent frame-energy and
input speech respectively and k is the k” frame and # is
the n" sample point in a frame. & is the length of the

frame.

B. Zero-crossing Rate

Another simple yet powerful time-domain feature is ZCR.
Tt is a measure of how many times the waveform crosses
the zero-axis in a particular frame. Also, it can be a crude
estimation of pitch determination wherein the number

of crossings per second is equal to twice the frequency




Fuzzy Logic Inference System for Yoiced-Unvoiced-Silence Classification of Malaysian
English Isolated Words based on Time-domain Features

and best used in the absence of noise environmeﬁt.
Generally, the ZCR of both unvoiced speech and
background noise are higher than voiced speech which
has obvious findamental periods and has most of the
energy concentrated at low frequencies. The equation to

count zero-crossings is given in (2).

ZCR(k,n) =

Efsig:: [.\‘(k, n)] — sign [.\'(k, "n-— l)] [ )

n=

4
2N

where variables ZCR(.) and x() represent frame-ZCR

and input speech respectively and & is the k™ frame and
n 15 the n™ sample point in a frame. N is the length of the
frame. The function sign/.] is defined as follow

ron [ [l x(m)zo0 3
sign [_\_(}i' )]"' {__ 1 If ).'(H)< 0 (-’)

C. Fuzzy Logic Inference System

Fuzzy logic was first introduced by Zadeh in 1965 who
defined fuzzy set theory to describe fuzziness. In Zadeh’s
sccond most influential paper [15], human knowledge
was suggested to be captured in fuzzy rules. Thus, fuzzy
logic leads to more human-like intelligent system as it
models our sense of word and decision making based on
common sense. It is basically a set of marhematical
principles for knowledge representation based on degrees
of membership [16]. The behavior of the collected
speech data from MalE utterances was studied using
statistical analysis {(minimum, mean and maximum
values) of STE and ZCR measures to derive fuzzy
membership functions and fuzzy rules. To ensure that
the rules fit our data, the inferred knowledge was also
based on experimental observatiohs that correlate to these
three classes to tune the fuzzy engine. This system was
designed using MATLAB fuzzy logic toolbox GUTs.
Manual hand-labeling of V-UV-SIL of frames of each
word were made to evaluate the fuzzy inference system
(FIS). Since this task was laborious and time-consuming,
oniy three words were analyzed. Fig. 2(a)—(c) depict

the membership functions for STE and ZCR inputs and

speech ouiput for the word ‘botfom’. A triangular
membership function was chosen as it is practical and
one of the simplest linear-fit functions. To keep the design
simple, a minimum number of three membership

functions ia input and output were generated.
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Figure 2(c). Membership function for system output

There were five steps involved in developing FIS. (1)
Fuzzification of inputs—the crisp measures STE and ZCR
were taken to determine their degree of membership in
each fuzzy subset. (2) Application of fuzzy operators—
only AND operators were used in five rules using min
built-in method. (3) Application of implication method—
min was used to truncate output fuzzy sets. (4)
Aggregation of all outputs—fuzzy sets that represents the
outputs of each rules were combined using max method
into a single fuzzy set. Lastly (5) Defuzzification—
resobves the single fuzzy set to.a single crisp value.
The fuzzy rules in V-UV-SIL FIS are tabulated in Table
1.
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TABLE 1. A SET OF RULES for V-UV-S SYSEEM

Rules# STE Operator | ZCR Output
1 if | LOW and NONE SIL

2 if | MEDIUM [ and MEDIUM | V

3 if | MEDIUM | and HIGH uv

4 if | MEDIUM | and LOW vV

5 if | HIGH and NONE vV

IV. Resuets & DiscussioN

In this section, the experimental setup and results are
reported. Three experiments based on three isolated
words i.e. ‘boitom’, ‘student” and *zero’ were conducted
to find the thresholds for generating fuzzy membership
functions. Each word consists of the following phonemes

sequences according to British English:
bottom - "b, ,t, 2, ¢/
student - ’s, t,j,u, d, o o, t/

zero -1z, Ig, 1,0 /

It is obvious that the MalE speech is characterized by
syllabic stress and a long inter-syliable silence which can
cause a waste in processing. The silence was produced
before the release of plosive /t/. Table 2 and 3 tabulate
the results of STE and ZCR measures of ten test samples
of “bortom’. This test dataset 15 3% fraction of the
available data.

TABLE 2. TEST DATASET WITH STE MEASURES

No | SpeakerID | Gender Ethnic Min Mean Max
STE STE STE
1 Spk3 Female Malay -S040 | -20.48 b O5.67
2 Spk7 Male Indian | -32.23 | -15.01 | 9.59
3 Spkl3 Male Malav | <4993 | -8.85 6,83
4 Spkl9 Male Chinese | -50.59 [ «11.32 | 10.27
5 Spk23 Female | Chinese | -3318 | -20.31 2.81
[ Spk93 Female [ndian 70 | -14.04 8.5
7 Spkll12 Male Chinese | -31.ES | -14.29 | 11.04
8 Spkidl Female Indian -33.12 [ -11.93 6.00
4 Spk97 Fernale Malav -30.74 | -10.84 | 10.70
10 Spkél Male Malay | -51.74 | -12.65 | 8,73

TABLE 3. TEST DATASET WITH ZCR
MEASURES

No | Speaker ID | Gender Ethnic Min | Mean | Max
' . STE | STE STE
by % 2
Only a great detail of the word ‘botrom’ is shown and I Spks Female T Malay o 1176 | 5
discussed as example for analyzing the results. Fig. 3 = Spk7 Male | Indian | 3 2371 | 97
3 Spkl3 Male Malay 0 14.38 73
depicts the waveform ‘bettom” consisting of its phonemes 4 Spk19 Male [ Chinese | 3 | 1038 | 60
5 Spk25 Female | Chinese 7 30.51 g3
sequence and silence. o Spk9s Femzle | Indian 0o f1591 | 31
7 Spkll2 Male Chinesc 2 17.23 92
3 Spkldi | Female Indian i} 23.05 20
Spk5 speaking the word BOTTOM Q Spk97 Female Malav 0 14.35 64
oak I ' ; b' o j 19 Spk8| Mate Malay 6 ] 22355 | 86
- t
025) { 4
‘ i Next, the frames having different ranges of STE and ZCR
inter syllable .
silence fam/f 1 values were analyzed to discuss the results for Spk3.

Ampliwde

A : s s L L ¢ L L "
1000 2000 3000 4000 5000 6000 7000 8000 SO0 10000
Sample No

Figure 3. The waveform of Spk 5 speaking the

word ‘bottom’

Fuzzy rules generated in Table | were justified based on
manual observations and the computed features values

in Figure 4{a}-(f).

It was observed that the waveform in Fig. 4(a) .. frame
28 displayed as noise-like signal, was the inter-syllable
silence between the first sytlable /°bRY/ and the release
of /t/ at its final position in the speech. These

characteristics justified Rule 1 in the FIS.
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x 107 Frame #28 having min STE=-50.11 and max ZCR=5¢ {

Amgplituda

5 109 150 2% 20
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Figure 4(a). Frame #28 of Spk5 with min STE and
max ZCR

Fig. 4(b) is another inter-syllable silence but with very
tow STE and minimum silence (ZCR = 0). This condition

might be due to the microphone setting. These

characteristics also justified Rule 1 in the FIS.

..n

Frame 31 havmg poor STE=-41.11d8 and min ZCR=0
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Figure 4(b}. Frame #31 of Spk3 with low STE and
min ZCR

Frame 9 in Fig 4(c) justified Rule5 with max STE and
medium ZCR. All frames with high STE regardless of

ZCR count was considered voiced part. This frame was
a voiced open back rounded short vowel /R/ in the word

as characterized by the stable pitch of multiple

combinations of frequencies.
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Frame 29 having max STE=5.67d8 and 20R=24
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Figure 4(c). Frame #9 of Spk5 with max STE and
medium ZCR

Frame 71 in Fig. 4(d) originated from phoneme /m/ and
it was a voiced nasal consonant characterized by a single
frequency sound. These characteristics justified Rule 4
in the FIS.

x 10°  Frame #71 having a\erage STE=-22.85 and low ZCR=6
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Figure 4(d). Frame #71 of Spk5 with medium STE
and low ZCR

Frame 63 in Fig. 4(e) originated from voiced vowel schwa

7Y/, These characteristics justified Rule 2 in the FIS.
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Frame #63 having average STE=-19.1dB and awrage ZCR=15 {

0.01p
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e
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0005

-0.015¢
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Figure 4(e). Frame #63 of Spk3 with medium STE
and medium ZCR

Lastly the analysis for fuzzy rule involved Rule 3,
wherein frame 40 in Fig. 4(f) was posmldted to originate
from a rapid burst of unvoiced consonant /t/ preceding
the voiced vowel schwa /Y.

Frame #40 having average STE=-18.5 and max ZGR=59

0.05+

0.02

o0

Amplilude

.01}

-0.02

50 100 150 200 250
Sample No

Figure 4(f). Frame #40 of Spk5 with medium STE
and max ZCR

For the purpose of system evaluation, accuracy rate was
computed based on the difference between manual
" labeling of human expert and FIS output. The results are
tabulated in Fig. 5. With reference to the experimental
results, the overall classification rates for bottomn, student

and zero are 92.64%, 92.22% and 92.27% respectively.

The breakdown of accuracy rates for voiced, unvoiced

and silence is presented as bar chart and clustered across

each word.
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Figure 5. Accuracy rate for classification of V-UV-§

for three isolated words

In further analysis, the accuracy rates for speech and non-
speech were obtained by combining the voiced and
unvoiced frames. By doing this, the averagely low
accuracy tate of unvoiced can be solved. It is proven
that frame reduction is achieved by eliminating the inter-
syllable silence. The resulis for speech and non-speech

classification and frame reduction rates of each word

can be visualized in Fig. 6 and Fig. 7.
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Figure 6. Accuracy rate for classification of speech

and non-speech for three isolated words
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Figure 7. Frame reduction rate for three isolated

words
V. ConcLusion anp FuTure WoRK

This paper has presented a classification of speech into
V-UV-SIL of MalE isolated words using an intelligent
FIS. Based on the distribution of crisp data from short-
time log-energy and zero-crossing rate and using simple
statistical data analysis, membership functions and fuzzy
rules were derived to build the system. Classification
results shows that FIS has demonstrated a great potential
in detecting voiced speech with a high accuracy rate
ranging from 93% (‘zero”) to 99% (*bottom™), followed
by silence 88% (“botrom’) 1o 94% (‘zero™). However, it
is a non-trivial problem to detect unvoiced from voiced
and silence because of its partially low energy and overlap
characteristic of zero-crossings like sitence. The accuracy
obtained was in between 18% (‘zere’) 10 67% (‘student”).
However the accuracy rate of detecting speech and non-
speech parts are satisfactory i.e. in average 93.4% and
89.4% respectively. This should enable to capture the
important speech features and at the same time, resulted
inspeech compression of as much as 24% via eliminating
the-inter—syllable silence problem which has been shown
quite significant in MalE speech. The plan for future work
is to demonstrate that classification of accent types of
MalE speakers can be more efficient using the results of
this V-UV-SIL classification.
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